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Abstract: Mangrove forests play an important role in providing ecological and 
socioeconomic services for human society. Coastal development, which converts 
mangrove forests to other land uses, has often ignored the services that mangrove may 
provide, leading to irreversible environmental degradation. Monitoring the spatiotemporal 
distribution of mangrove forests is thus critical for natural resources management of 
mangrove ecosystems. This study investigates spatiotemporal changes in Honduran 
mangrove forests using Landsat imagery during the periods 1985–1996, 1996–2002, and 
2002–2013. The future trend of mangrove forest changes was projected by a Markov chain 
model to support decision-making for coastal management. The remote sensing data were 
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processed through three main steps: (1) data pre-processing to correct geometric errors 
between the Landsat imageries and to perform reflectance normalization; (2) image 
classification with the unsupervised Otsu’s method and change detection; and 
(3) mangrove change projection using a Markov chain model. Validation of the 
unsupervised Otsu’s method was made by comparing the classification results with the 
ground reference data in 2002, which yielded satisfactory agreement with an overall 
accuracy of 91.1% and Kappa coefficient of 0.82. When examining mangrove changes 
from 1985 to 2013, approximately 11.9% of the mangrove forests were transformed to 
other land uses, especially shrimp farming, while little effort (3.9%) was applied for 
mangrove rehabilitation during this 28-year period. Changes in the extent of mangrove forests 
were further projected until 2020, indicating that the area of mangrove forests could be 
continuously reduced by 1,200 ha from 2013 (approximately 36,700 ha) to 2020 
(approximately 35,500 ha). Institutional interventions should be taken for sustainable 
management of mangrove ecosystems in this coastal region. 




Mangroves are a group of tree and shrub species naturally distributed along the intertidal coastlines 
at tropical and subtropical latitudes. They play a crucial role in stabilizing sediments, preventing soil 
erosion, and protecting human communities farther inland from natural disasters [1–4]. Mangrove 
forests are able to filter out pollutants in the sea and sequester carbon dioxide (CO2) emitted to the 
atmosphere due to anthropogenetic activities [5–7]. They also provide a wide range of wildlife habitats 
for large populations of fish, crabs, birds, and other organisms seeking food, shelter, and breeding and 
nursing areas. Globally, approximately 3.6 million ha of mangrove forest has been lost during the 
1980s–2000s, declining from 18.8 million ha in 1980 to 15.2 million ha in 2005, mainly due to 
aquaculture development [8–10]. Approximately 1%−2% of mangrove forests is predicted to be lost 
per year during the next 100 years. If the current rate of loss continues, the ecological and socioeconomic 
services provided by mangrove forests will eventually be lost [5,8,11]. In general, approximately 
20%−50% of mangrove destruction in Latin America since the 1980s was due to shrimp aquaculture [12]. 
The phenomenon of mangrove forests degradation in Honduras is worthwhile to receive specific 
attention, given that Honduras is a developing country in Central America with precious mangrove 
forests in a fast growing coastal region. Aquacultural development of mangrove waters began in this 
country in the early 1980s [13,14], with a series of unintended environmental consequences such as 
direct and indirect changes of the hydrological regime, water pollution, and sedimentation of coastal 
ecosystems [10,12,15–17]. Thus, understanding the spatiotemporal changes of mangrove forests could 
provide economists, ecologists, and natural resources managers in Honduras with valuable information 
to improve management strategies for mangrove ecosystems. 
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Remote sensing has been widely applied for forest monitoring and such multi-temporal change 
detection has proved an indispensable tool for landscape planning for its ability to construct spatiotemporal 
land-cover data essential for analyzing the interactions between changes in land use and population 
growth under different scenarios. The high-resolution satellite data acquired from, for example, 
Worldview-2, Quickbird, Ikonos, and FORMOSAT-2 sensors, could improve the spatial resolution for 
discriminating land-cover features; however, the data acquired from these satellite sensors have 
limitations, such as high cost of data acquisition and historical data constraints associated with the 
changes of mangrove forests over the past decades. The launch of Landsat 8 satellite on 11 February 
2013 and the availability of historical Landsat 5 and 7 archives allowed us to investigate the 
spatiotemporal changes of mangrove forests in Honduras from the early 1980s to 2013.  
A number of techniques have been developed for land-cover classification. One of the most 
commonly used classification methods is the parametric maximum likelihood algorithm because this 
method has a well-developed theoretical base [18]. Other nonparametric algorithms, including support 
vector machines [19] and artificial neural networks [20], can perform more complex classification 
tasks [21,22]; however, these supervised classification algorithms required training samples obtained 
directly from the original images to perform the classification. Selection of training samples for 
different land-cover classes was a challenging task due to temporal changes of land-cover types over 
time. In this study, our purpose was to extract only mangrove forests from multi-temporal Landsat 
imageries over the past few decades for long-term change analysis and change projection. A simple 
approach was thus developed for extracting mangrove forests in the study area based on the empirical 
analysis of Landsat imageries and the unsupervised Otsu’s method [23].  
The inherent trends of land-cover change can be further examined and projected to aid in  
decision-making. Several prediction methods including those Markov chain models [24,25], ant colony 
optimization models [26], and cellular automata models [27,28] have been widely applied to analyze 
changes of land cover and to project future land-cover scenarios [29–37]. Each model has pros and 
cons, however. For example, the traditional Markov chain model exhibits better capabilities of 
descriptive power and simple trend projection of the amount of land-cover change [38], although the 
spatial changes cannot be simulated and predicted [39,40]. The ant colony optimization model can 
perform combinatorial optimization tasks spatially and temporally; however, its theoretical rules are 
hard to express in a practical form mathematically [39,41]. Similarly, the cellular automata can 
simulate dynamic land-cover change processes [42]; but this method requires many components as 
driving forces for simulation [39,43]. Thus, selecting a model for prediction of land-cover changes 
may not be always driven by the overall accuracy. Unlike previous studies for comparing the accuracies 
of prediction results among different algorithms alone for urban growth predication, the present work 
used the traditional Markov chain model to project the likely temporal distribution of the mangrove 
landscape in the pre-specified coastal region driven by some well-known local socioeconomic factors. 
The quantitative information achieved from such a projection might be useful for forest managers to 
devise better plans for long-term management of mangrove ecosystems in the region. 
The objectives of this study aim to: (1) develop a mapping approach to investigate changes in the 
extent of mangrove forests in Honduras using multi-temporal Landsat imageries during the periods 
1985–1996, 1996–2002, and 2002–2013; and (2) perform the change projections of mangrove forests 
for the near future using a Markov chain model.  
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2. Study Area 
We selected a study area sharing a part of the Choluteca and Valle departments situated in the Gulf 
of Fonseca in the southern part of Honduras (Figure 1), in order to investigate the application potential 
of multi-temporal change detection of mangrove forests using Landsat imageries and prediction of 
mangrove forests using a Markov chain model. The study area bordered by Honduras, El Salvador, and 
Nicaragua is one of the most populated and poor regions in Central America [44]. The region is 
characterized by a dense population of mangrove forests spatially distributed in coastal fringes, inland 
lagoons, and riparian habitats connected with the Pacific Ocean. The region has a diverse landscape of 
mangroves, marshes, mudflats, and lagoons and is thus significant for biodiversity conservation. The 
mangroves here were found at a range of heights from less than 1 m in some inland areas and in saline 
flali to 20 m along rivers. Due to pressing socioeconomic development and population growth, some 
parts of the mangrove forests were cleared for other land uses. Since the early 1980s, a number of 
aquaculture fields, especially small-scale shrimp farms, have been constructed via removing the 
mangrove forests. The destruction of mangrove forests for shrimp farming has continuously  
degraded ecological and socioeconomic services of mangrove forests, with associated environmental 
impacts [45,46].  
Figure 1. Map of the study area with a reference to the national geography of Honduras in 
Central America. The green line (a part of Honduras boundary) was used to generate the 
study area within a buffer of 5 km. The inset shows the 2013 false-color Landsat image 
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3. Data Collection 
A suite of Landsat data, including two Landsat Thematic Mapper (TM) images (13 April 1985 and 
26 March 1996), a Landsat Enhanced TM Plus (ETM+) image (6 May 2002), and a Landsat 8 
(Operational Land Imager, OLI) image (26 April 2013) acquired from the US Geological Survey 
(USGS), was used in this study. The Landsat TM data have seven spectral bands, with a spatial 
resolution of 30 m for bands 1–5 and 7. The TM band 6 (thermal infrared) is acquired at 120 m 
resolution but is resampled to 30 m pixels. The Landsat ETM+ data consist of eight spectral bands 
with a spatial resolution of 30 m for bands 1–7. The ETM+ band 6 (thermal infrared) is acquired at  
60 m resolution but is resampled to 30 m pixels. The Landsat 8 data have nine spectral bands with  
a spatial resolution of 30 m for bands 1–7 and 9. The ETM+ and OLI band 8 (panchromatic band) 
have a spatial resolution of 15 m. The spectral bands are generally between the optical and  
short-wavelength-infrared regions, except for band 9 of Landsat 8 data, which has a cirrus wavelength 
between 1.36 and 1.38 µm.  
Figure 2. Map showing the mangrove forests in the study area extracted from the 2002 
land-use map. The dark red and blue pixels randomly extracted from this map were used 
for computing the Jeffries-Matusita distance (JM) and accuracy assessment of the 2002 
classification results. 
 
The advanced space-borne thermal emission and reflection radiometer (ASTER) digital elevation 
model (DEM) (30 m resolution) operated by the National Aeronautics and Space Administration was 
used for masking out high-elevation areas to ease the change detection analysis. The 2002 land-cover 
map (scale: 1/250,000) obtained from the Honduras National Institute of Forest Conservation and 
Development (HNIFCD) was used as a reference data source for crosschecking and accuracy 
assessment of the classification results. This map produced by HNIFCD was constructed from Landsat 
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imageries and validated through field survey data. The HNIFCD map, including nine land-cover 
classes, was regrouped into two classes, namely mangrove forests and non-mangrove forests. The 
resultant map was then converted to the raster form with a 30 m resolution and was used as the ground 
reference data for accuracy validation of the classification results in this study (Figure 2).  
4. Methodology 
The methodology of this study is composed of three main steps (Figure 3), including: (1) data  
pre-processing including geometric correction of Landsat images, digital number (DN)-to-reflectance 
conversion, and reflectance normalization; (2) image classification and change detection; and  
(3) mangrove change projection using a Markov chain model.  
Figure 3. Flowchart of the methodology used for investigating mangrove forests in the 
study area. 
 
4.1. Data Pre-Processing 
The Landsat TM and ETM+ images acquired for 1985, 1996, and 2002 were corrected for 
geometric errors using the 2013 Landsat 8 (OLI) imageries as a reference image. The process was 
carried out for each image using 20 ground control points, uniformly chosen from distinct features 
throughout the target image. The results yielded a root mean squared error (RMSE) of less than 15 m. 
The images were registered to the Universal Transverse Mercator system (zone 16N) and then subset 
over the study area. The Landsat imageries collected from the USGS have been radiometrically 
corrected to the level-1 standard. The data are stored as DNs with a range between 0 and 255 to 
facilitate DN conversion to the top of the atmosphere (TOA) reflectance for comparisons between the 
satellite images acquired on different days. For the Landsat TM and ETM+ data, Equations (1) and (2) 
were used to obtain the spectral radiance )( λL and then TOA reflectance ( λρ ), respectively:  













where QCAL is DN, Lminλ is the spectral radiance scales to QCALmin, Lmaxλ is the spectral radiance 
scales to QCALmax, QCALmin is the minimum quantized calibrated pixel value, QCALmax is the 
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maximum quantized calibrated pixel value, d is the earth-sun distance, ESUNλ is the mean solar 
exoatmospheric irradiances, and θs is the solar zenith angle.  






∗ =  (3)
where ρλ' is the TOA planetary reflectance, with correction for solar angle, and θSE is the local sun 
elevation angle.  
The reflectance normalization for 1985, 1996, and 2002 Landsat imageries was also carried out 
using the 2013 Landsat 8 image as a reference base. This process used the image histogram matching 
method to make the distribution of brightness values in the 1985, 1996, and 2002 images as close as 
possible to the 2013 reference image, and to minimize the spectral variations within each land-cover 
type. Details about histogram matching method can be found in the text of Remote Sensing Digital 
Image Analysis [47]. 
4.2. Image Classification and Change Detection 
4.2.1. Non-Vegetated Area Masking 
Mangrove forests in the study area are naturally distributed in intertidal coastal wetlands between 
the land and sea. Based on the initial results obtained from the analysis of the ASTER DEM and the 
2002 land-use map (i.e., Figure 2), mangrove forests were generally distributed in areas where the 
elevation was lower than 30 m. Thus, the areas higher than 30 m were excluded from the analysis. 
Non-vegetated areas (e.g., water bodies and built-up areas) were also masked out using the normalized 
difference vegetation index, where its value was less than 0.25. This threshold was the most reliable 
cut-off for separating vegetated and non-vegetated areas in the Landsat images, which was determined 
based on the results achieved by comparing the masking results with the 2002 land-use map using 
different thresholds.  
4.2.2. Spectral Band Selection 
The reflectance of leaves in the short wavelength infrared (SWIR) spectrum was attributed to the 
water absorption and scattering caused by refractive index discontinuities between the leaf cell walls 
and the intercellular air spaces [48,49]. The low reflectance of mangrove leaves can therefore be 
attributed to weaker scattering due to a smaller amount of intercellular air space in mangrove leaves 
compared to non-mangrove leaves. A mixture of mangrove tree crowns and mud or water at the forest 
floor could explain the low reflectance of mangrove leaves; thus, the low reflectance of mud or water 
in the SWIR bands would further reduce the reflected radiance of mangrove forests as a whole. This 
assumption was verified using the JM, which measures the spectral separability between land-cover 
classes [47] using the following form: 
2(1 )BJM e−= −  (4)
where B is the Bhattacharyya distance [50], expressed as: 





1 2 2 2 2 2










where m1, m2 and σ1, σ2 are the class means and class variances, respectively. The JM distance has 
values from 0 to 2. A value of 2 indicates a complete separability between two classes (i.e., mangrove 
forests and non-mangrove forests), and lower values indicate a higher possibility of misclassified 
classes. The JM distance results (Table 1) between the mangrove forests and non-mangrove forests 
processed for each spectral Landsat band indicated that the higher levels of separability were observed 
for band 5 (JM = 1.26). This value was relatively smaller than 2 because of the non-mangrove  
forest class, which was a combination of different vegetation cover types (e.g., agricultural land, 
grassland/shrubs, and evergreen forests). In general, the JM results suggested that the utilization of 
band 5 was sufficient to differentiate mangrove forests from non-mangrove forests. 
Table 1. The JM distance between mangrove and non-mangrove forests calculated for each 
Landsat band. 
Band  




Mangrove Forests vs.  
non-Mangrove Forests 
1 2 Blue 0.85 
2 3 Green 0.98 
3 4 Red 1.11 
4 5 NIR 0.33 
5 6 SWIR1 1.26 
7 7 SWIR2 1.20 
4.2.3. Mangrove Extraction and Change Detection 
The Otsu’s method [23] was used for classification of mangrove and non-mangrove forests in the 
study area. This nonparametric and unsupervised method determines an optimal threshold for separating 
the classification of mangrove forests from the non-mangrove forests. The algorithm converts an 
intensity image to a binary image while minimizing the intra-class variance of the black and white 
pixels. The Otsu’s optimal threshold T is defined as: 
2( ( ) ( ))









where = ∑ , = ∑ ,	 ̅ = ∑ × , pi is the probability of pixels with grey level i 
in the image. Thus, the pixels that have reflectance values greater than T were classified as  
non-mangrove forests, otherwise accepted as mangrove forests. 
The classification maps containing “salt-and-pepper” noise were removed using the majority  
filter [51]. Because of the unavailability of land-use maps covering the study area for 1985, 1996, and 
2013, this study depended on the 2002 land-use map in Figure 2 to perform the accuracy assessment of 
the classification results. A total of 10,000 pixels were randomly extracted from this ground reference 
map (Figure 2) for each class (i.e., mangrove forests vs. non-mangrove forests) to compare with  
those from the 2002 classification maps produced by the Otsu’s method. The error matrix using the 
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overall, producer, and user accuracies, and Kappa coefficient were calculated to measure the 
classification accuracy.  
From these classification maps, changes in the extent of mangrove forests during the periods  
1985–1996, 1996–2002, 2002–2013, and 1996–2013 were examined to gain geographic understanding 
of the spatiotemporal evolution of mangrove forests in the region. 
4.3. Mangrove Change Projection 
The Markov chain model [24] was used to perform the change projection of mangrove forests 
within the study area. The period 1996–2013 was chosen for this task because the land-cover changes 
during this period were relatively stable compared to the previous period, 1985–1996. The Markovian 
process can be defined as: 
2 1t tv Mv=  (7)
where vt1 is the input land-cover proportion vector, vt2 is the output land-cover proportion vector, and 








where = ∑ , nij is the number of pixels of class i from the first image that were changed to 
class j in the second image, and k is the total number of classes.  
To test the suitability of the Markovian model for land-cover change prediction, we applied the 
following two statistical tests: 
• Pearson’s Chi-square χ2 to test the hypothesis of data independence using: 
2 2( ) /ik ik ik
i k
A E Eχ = −  (9)
where Aik is the actual value of transition matrix (1996–2013), and Eik is the expected value of 
transition matrix (1996–2002) computed using Chapman-Kolmogorov: 
( ) /ik ij ik jjE E E E= ×  (10)
where Eij is the transition matrix during 1996–2013, Eik is the transition matrix during 1996–2002 (i, j 
and k are land-cover classes), and Ej is the area of class j in 2002. If the computed χ
2 smaller than χ2 
from the tables at α = 0.05 with degrees of freedom (3 − 1)2, the land-cover change was compatible 
with the hypothesized independence; and 
• Goodness-of-fit test to test the suitability of the Markovian hypothesis by examining the 
observed and transition matrices during 1996–2013:  
2 2( ) /c ik ik ik
i k
O E Eχ = −  (11)
where Oik is the observed transition probability data during 1996–2013, and Eik is the expected value of 
the transition matrix during 1996−2013. If  was smaller than the significant value for the critical 
region of 0.05, the hypothesis was accepted, indicating that the data followed the hypothesis of 
Markovian process.  
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5. Results and Discussion 
5.1. Spatiotemporal Distribution of Mangrove Forests and Accuracy Assessment Results 
Spatiotemporal distributions of mangrove forests are shown for four particular years of 1985, 1996, 
2002, and 2013 reflecting the global trends of decadal changes (Figure 4). The mangrove forests generally 
sheltered the coastlines, fringes of the estuaries, and riverbanks associated with the brackish water 
margin between land and sea. The mangrove forests were more concentrated in the upper part of the 
region because this area was strictly managed by the local authorities as natural reserves for biodiversity 
conservation. The mangrove forests in the lower part of the region were relatively fragmented due to 
the development of a number of aquaculture fields, especially small-scale shrimp farms.  
Figure 4. Distribution of mangrove forests in the study area in: (a) 1985; (b) 1996;  
(c) 2002; and (d) 2013. 
 
The 2002 classification results were validated using the ground reference data (Figure 2), during 
which 10,000 pixels for each class (i.e., mangrove forests and non-mangrove forests) were randomly 
extracted from the ground reference data to compare with those from the 2002 classification map. The 
comparison indicated satisfactory agreement with the overall accuracy of 91.1% and a Kappa coefficient 
(a) (b)
(d)(c) 
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of 0.82, respectively (Table 2). Of 10,000 pixels checked to measure the accuracy in each class, the 
mangrove forest class had a higher producer accuracy level (94.3%). The producer accuracy of the 
non-mangrove forest class was 87.9%, which included a corollary omission error of 12.1% due to 
spectral confusion between this class and the mangrove forest class during classification. The spectral 
confusion was often caused by mixed-pixel problems in areas where road and canal networks developed 
for transportation could exaggerate the classification errors.  
Table 2. Results of accuracy assessment from the classification of the 2002 Landsat 
ETM+ data. 
Ground Reference Data (pixels) 
Classification Results (pixels) 
Total 
Mangrove Forests Non-Mangrove Forests 
Mangrove forests 9,425 575 10,000 
Non-mangrove forests 1,213 8,787 10,000 
Total 10,638 9,362 20,000 
Producer accuracy (%) 94.3 87.9  
User accuracy (%) 88.6 93.9  
Overall accuracy (%) 91.1   
Kappa coefficient 0.82   
5.2. Mangrove Change Detection  
Multi-temporal change analysis in the extent of mangrove forests between different periods  
(1985–1996, 1996–2002, 2002–2013, and 1985–2013) was also examined (Figure 5). The impacts of 
land-use change in the region had clearly caused the loss of mangrove forests during 1985–2013 
(Table 3). The overall change within the study area during this 28-year period indicated the loss of 
approximately 11.9% of mangrove forests, while a small proportion of mangrove forests in the region 
(3.9%) was newly planted or rehabilitated. These changes were mainly attributed to the development 
of aquaculture. Shrimp culture was especially identified as a major cause of direct and indirect loss of 
mangrove ecosystems due to deforestation for pond construction and changes in hydrology, sedimentation, 
and water pollution.  
Changes in the extent of mangrove forests calculated for each period within the study area indicated 
that the largest conversion of mangrove forests to non-mangrove forests was observed during the 
periods of 1985–1996. The loss of mangrove forests during this period was approximately 7.3%, while 
only 1.4% was recovered or newly planted at the same time. During the early 1980s, the shrimp culture 
was heavily adopted in the region [13,52] owing to the availability of brackish water suitable for 
shrimp aquaculture development and the high prices of shrimp on the international market [53] that 
created considerable financial benefits to the local communities. Moreover, although the region was 
legally characterized as state lands officially managed by governmental institutions during this period, 
the estuary coastal lowlands were de facto areas. Various management regimes (ranging from private 
to common property and open access) coexisted [54], which allowed an individual or a corporation to 
intensify shrimp aquaculture.  
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Figure 5. Changes in mangrove forests between: (a) 1985–1996; (b) 1996–2002;  
(c) 2002–2013; and (d) 1985–2013. 
 
Table 3. Changes in the area of mangrove forests between 1985–1996, 1996–2002, and 
2002–2013. The loss and increase of mangrove forests in percentage are calculated as:  
(sj – si)/si × 100, where sj and si are the areas of the mangrove forests and non-mangrove 
forests classes in the ith and jth years, respectively.  
Period 
Loss Increase 
ha % ha % 
1985–1996 2,892.3 7.3 555.3 1.4 
1996–2002 638.6 1.7 608.7 1.6 
2002–2013 1,053.1 2.8 771.6 2.1 





Remote Sens. 2013, 5 6420 
 
 
THE conversion of mangrove forests to non-mangrove forests was sharply reduced afterward 
during the period 1996–2002, when only approximately 1.7% of the mangrove forests were lost for 
other uses, in part due to mangrove forest recovery efforts in the region (1.6%). The decline in 
deforestation can be partly attributed to better management strategies for mangrove protection to 
counter potentially negative developments due to shrimp farming. What is even more important is the 
emergence of reduced shrimp production due to the occurrence of shrimp diseases (Taura and white 
spot shrimp diseases) coupled with the effects of Hurricane Mitch in 1999 [12,55]. The magnitude of 
Hurricane Mitch was overwhelming, flooding the study area with approximately 7 m of water (a.s.l.) 
for a week, causing substantial changes in biophysical conditions of the region immediately following 
the event, and impacting sediment load patterns for two years.  
From 2002 to 2013, the conversion of mangrove forests to other uses (2.8%) and mangrove 
rehabilitation (2.1%) both slightly increased. The increased area of mangrove forests was partly due to 
the recovery of mangrove forests after Hurricane Mitch [56]; the slight increase in loss of mangrove 
forests could be attributed to pressing economic development and changes in international prices of 
shrimp markets, thereby reflecting in the rate of shrimp-farm construction in the region. Moreover, the 
number of small-scale shrimp culture farmers with less technical expertise declined due to the spread 
of shrimp diseases and water pollution, which led to lower shrimp output and reduced ability to 
compete with industrial counterparts. 
5.3. Mangrove Change Projection 
The hypothesis of data independence over different periods evaluated using χ2 test indicated a value 
of 2.795 × 106, which was larger than 9.488 in the critical region of 0.05 with (3 − 1)2 degrees of 
freedom. Thus, the hypothesis of statistical independence for these data was rejected, indicating that 
land-cover change was dependent on previous land development creating the basis for modeling the 
Markov chain. The goodness-of-fit test ( ) used to examine the suitability of the Markovian model 
for the land-cover change also revealed a value of 9.343, supporting the hypothesis that the land-cover 
change follows the Markovian process. The model using the transition matrix (during 1996–2013) was 
thus constructed to predict the land-cover change for 2020.  
The land-cover change was projected using Markov’s transition probability matrices (Table 4) 
generated for the period 1996–2013. The generalization ability of these transition matrices was tested 
by predicting the land cover in 2002. The predicted results compared with the 2002 classification 
results indicated less variation between the two datasets (Figure 6), confirming that the transition 
matrices between 1996 and 2013 could be effective for predicting land-cover in the near future. In this 
study, the land-cover change was predicted for 2020. The results indicated that the area of mangrove 
forests would decline from approximately 36,700 ha in 2013 to 35,500 ha in 2020, and that the 
conversion of mangrove forests to non-mangrove forests for other land uses such as shrimp farming 
would continue.  
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Table 4. Transitional probabilities during 1996–2013. 
1996–2002 Mangrove Forests Non-Mangrove Forests Masked Areas 
Mangrove forests 0.532 0.179 0.288 
Non-mangrove forests 0.124 0.375 0.501 
Masked areas 0.236 0.201 0.563 
1996–2013    
Mangrove forests 0.305 0.234 0.460 
Non-mangrove forests 0.290 0.237 0.473 
Masked areas 0.297 0.236 0.468 
Figure 6. Comparison between land-cover projected results achieved from the transition 
matrix during 1985–2013 and the classification results for 2002 and 2013.  
 
Changes in the extent of mangrove forests in the form of deforestation for constructing aquaculture 
farms, residential settlements, and salt production fields into the terrestrial mangroves were mainly 
driven by two factors: economic development and population growth [57–59]. The population in the 
study region directly or indirectly relying on the mangrove resources was more than a million people. 
The population density (persons per km2) has more than doubled from approximately 32 in 1980 to 68 
in 2010 and is predicted to reach 82 in 2020 [60,61]. Studies in the Gulf of Fonseca also indicated that 
trends in mangrove deforestation persisted due to the increasing demands of aquaculture development 
and fuel-wood consumption in response to a growing population [62]. The loss of mangrove forests 
reduced environmental suitability, resulting in an increased incidence of disease outbreaks that could 
ultimately lead to the failure of aquacultural production. Further research on rehabilitating unproductive 
farms into sustainable operations might contribute to reduced degradation of neighboring  
mangrove areas. 
The mangrove projection for 2020 in this study was made based only on the transition probability 
matrices. Although spatiotemporal changes in mangrove forests were driven by various determinants 
including socioeconomic factors and related policies, our anticipated results could serve as a useful 
baseline for understanding impacts of aquaculture developments in the future. Thus, institutional 
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measures could be taken to adjust the trends of land-cover change and to improve the management of 
mangrove ecosystems in the region.  
6. Conclusions 
Our findings from multi-temporal change detection and prediction support the application potential 
of the proposed method for mapping mangrove forests within the study area, during the periods  
1985–1996, 1996–2002, and 2002–2013. The classification results indicated close agreement with the 
ground reference data. The overall and Kappa coefficients were 91.1% and 0.82, respectively. From 
1985 to 2013, approximately 11.9% of the mangrove forests were lost for other uses, especially shrimp 
farming, while a little effort (3.9%) was made to restore/rehabilitate the mangrove forests during this 
28-year period. The greatest loss (approximately 7.3%) was observed during 1985–1996 due to the 
substantial development of shrimp culture adopted in the 1980s. The decrease in conversion of 
mangrove forests to other uses noted afterward was probably due to the occurrence of shrimp diseases 
coupled with the impacts Hurricane Mitch. The trends of land-cover change were also examined using 
the Markov chain model; the results revealed the suitability of this method for land-cover change 
projection with the aid of multi-temporal change detection. The area of mangrove forests predicted for 
2020 showed a possible reduction of 1,200 ha from 2013 (approximately 36,700 ha) to 2020 
(approximately 35,500 ha); thus, institutional or policy interventions may be taken into account to 
improve management of mangrove forests in the region. The overall efforts in this study demonstrate 
the effectiveness of the proposed method used for investigating and predicting the spatiotemporal 
changes of mangrove forests in Honduras based on multiple Landsat satellites. The results achieved 
from this study could provide planners with invaluable quantitative information for sustainable 
management of mangrove ecosystems in the region. 
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